High-frequency (100-500 Hz) oscillations (HFOs) recorded from intracranial electrodes are a potential biomarker for epileptogenic brain. HFOs are commonly categorized as ripples (100-250 Hz) or fast ripples (250-500 Hz), and a third class of mixed frequency events has also been identified. We hypothesize that temporal changes in HFOs may identify periods of increased the likelihood of seizure onset. HFOs (86,151) from five patients with neocortical epilepsy implanted with hybrid (micro + macro) intracranial electrodes were detected using a previously validated automated algorithm run over all channels of each patient's entire recording. HFOs were characterized by extracting quantitative morphologic features and divided into four time epochs (interictal, preictal, ictal, and postictal) and three HFO clusters (ripples, fast ripples, and mixed events). We used supervised classification and nonparametric statistical tests to explore quantitative changes in HFO features before, during, and after seizures. We also analyzed temporal changes in the rates and proportions of events from each HFO cluster during these periods. We observed patient-specific changes in HFO morphology linked to fluctuation in the relative rates of ripples, fast ripples, and mixed frequency events. These changes in relative rate occurred in pre-and postictal periods up to thirty min before and after seizures. We also found evidence that the distribution of HFOs during these different time periods varied greatly between individual patients. These results suggest that temporal analysis of HFO features has potential for designing custom seizure prediction algorithms and for exploring the relationship between HFOs and seizure generation. 
Temporal Changes of Neocortical High Frequency Oscillations in Epilepsy
High frequency oscillations (HFOs) have received increasing interest as a promising 62 process known as feature extraction. The features were: 1) fast ripple/ripple band power ratio; 2) 153 spectral centroid; 3) spectral peak; 4) line length after spectral equalization; 5) bandpassed line 154 length; 6) zero-crossings per sample length; 7) maximum amplitude; and 8) number of peaks per 155 sample. The first four features characterize the frequency content of each event. The remaining 156 four features capture elements of waveform morphology that distinguish HFO classes in 157 published literature (see Appendix B). After calculating all features, we found that the data from 158 features 7 and 8 were highly correlated with others (correlation > 0.84), but that the remaining 6 159 provided unique information. To reduce computational complexity, we used the reduced set of 6 160 features for all analyses except the initial classification (next paragraph). 161
162

HFO Ictal/Non-ictal Classification 163
We used three standard supervised machine-learning techniques to attempt to distinguish 164 between HFO events occurring during ictal versus non-ictal periods: logistic regression, k-165 nearest neighbors (k-NN), and a support vector machine (SVM). Each of these techniques uses a 166 different algorithm to classify data. The goal is to determine how to label HFOs automatically in 167 subsequent data. We used two labels (ictal and non-ictal) in the first test to assess whether 168 classification was feasible, and if more complex classification experiments aimed at seizure 169 prediction would be possible. Information from all eight features was used to inform the 170 classifiers, and we performed Principal Components Analysis (PCA) to lessen the computational 171 burden on the learning algorithms. This reduced the eight features to five components while 172 retaining 96.3% of the data variance. We ran the experiments on the aggregate patient data and 173 on an individual patient basis. However, it is important to note that conclusive analyses were 174 performed on the full feature set, rather than just PCA data (see below). We split each set ofsamples into equally-sized sets of training and testing data. 176
177
To further simplify the initial test of the classifiers, we first trained them on data from 178 each patient individually, with a segregated partition of testing data. We also trained and tested 179 on data from all patients in aggregate. In each case, we created ten random partitions from the 180 training and testing data sets, reserving 25% of the samples in each data set for cross-validation. 181
Appendix C describes the details of the cross-validation for the three methods. We assessed 182
classifier performance on the testing data using the F 1 measure (Eq. 1), the harmonic mean of 183 sensitivity and precision: 184 We used a permutation test to compare the testing set results to those generated by randomly 189 assigned ictal/non-ictal labels. This tested the null hypothesis that the classification was no better 190 than randomly assigning the labels. After permuting the labels of the training data, we retrained 191 the classifiers, then reclassified the testing data. We repeated this procedure for 10,000 trials for 192 each patient and for 10,000 trials of the aggregate of all five patients. We compared the original 193 
Temporal distribution of HFO features 198
After calculating all features, each HFO can be represented as a unique point in "feature 199 space" that has as many dimensions as the number of features. We divided the HFOs into four 200 time epochs: preictal, ictal, postictal, and interictal. Pre-and postictal windows were defined as 201 10 minutes before and after a seizure, respectively. Interictal was defined as greater than 10 202 minutes from a seizure for this test. We tested whether the distribution of HFOs within the 203 feature space in each epoch was non-random. The null hypothesis was that the scattered 204 distribution of features of all HFOs in each epoch was no different than if the HFOs were 205 randomly assigned to an epoch. The centroid of features 1-6 was calculated (7-8 were not 206 included due to high correlation with the other features). We measured the Euclidean distance of 207 each HFO's features to the centroids, grouped HFOs according to epoch, and used the median 208 distance as the measure of dispersion for that epoch. We first calculated the dispersion using the 209 original labels. We then randomly permuted the epoch labels, determined a new centroid for each 210 of the four epochs, and recalculated the dispersion of all relabeled HFOs within that epoch, 211
repeating this procedure over 10,000 trials. The probability of the null hypothesis (i.e. that the 212 observed dispersion in each epoch was that of a random sample of all HFOs) was the proportion 213 of permutations with dispersion values more extreme than the real data, tested with a 214 significance level of 0.05. Similar analyses were done with pre/postictal periods of several other 215 durations from 2-120 minutes; results of this analysis were similar. 216
217
Temporal evolution of HFO features 218
We assessed changes in the morphology features before and after seizures using two non-219 parametric statistical tests that are resistant to outliers and/or skewed data. We first performedPrincipal Components Analysis (PCA) in each patient to reduce the set of HFO features to two 221 dimensions for the purpose of visualization. We divided the four epochs above into smaller 5-to 222 10-minute "stages" (10 total) between 0-30 minutes before and after seizures. Interictal for these 223 analyses was defined as greater than 30 minutes from a seizure. We made scatter plots of the 224
HFOs in the first two PCA dimensions for each stage. The Kruskal-Wallis Test of the first two 225 PCA components determined whether the 2-dimensional PCA distributions from the different 226 stages were unique versus samples of the same distribution. We then evaluated temporal changes 227 of the six individual morphology features (see previous paragraph) using Spearman 
Results
257
HFO Ictal/Non-ictal Classification 258
The first analysis tested three classifiers to determine whether they could distinguish 259
HFOs occurring during seizures (ictal) from those occurring at other times (non-ictal, including 260 interictal, postictal, and preictal). Thus, in certain patients it was possible to distinguish ictal from non-ictal HFOs better than 271 random; however, the actual F1 scores were all < 0.2, suggesting the classification was not very 272 sensitive nor precise. 273
274
Temporal distribution of HFO features 275
To evaluate whether any feature characteristics varied over time, we further subdivided 276 the non-ictal period into postictal, preictal, and interictal epochs. Table 2 showing that the HFO distribution in each epoch (i.e. the "shape" of the scattered HFOs) differsfrom the shape of the population as a whole. Similar findings were found in the other patients, 290
though the distributions and rates of each HFO type were very different from this patient (see 291 Fig. 6 ). Though it cannot be displayed graphically, the HFO distributions using all six features 292 have similar temporal differences. When analyzing the data in six dimensions (one for each 293 feature), the distributions were significantly different than random: there were specific 294 characteristics during the different epochs, demonstrated by a difference in cluster dispersion as 295 measured by Euclidean distance (p < 0.05). We made similar temporal comparisons for each 296 feature individually and found great inter-patient variability. Table 3 shows the p-values for two 297 example features, the line length after spectral equalization and power band ratio. The other 298 features demonstrated similar inter-patient variability and were significant in some, but never all, 299 of the five patients. These results imply that HFO distributions vary during different peri-ictal 300 epochs and involve complex relationships between several features, but that these changes are 301 unique to individual patients. Thus, samples from different times, especially across different 302 patients, will likely have different feature distributions. 303
304
Temporal evolution of HFO features 305
The previous section tested whether each epoch had a different distribution from random. 306
We next sought to test the time-dependency of HFO features. The first step was to compare the 307 distributions in each stage in the 2-dimensional PCA plots (e.g. Fig. 3 
for Patient C). The 308
Kruskal-Wallis Test demonstrated that for all patients there were highly significant differences 309 between stages (p << 0.0001). We then evaluated how the individual features changed 310 temporally, using time before or after seizure as a continuous variable rather than constraining 311 the analysis to categorical epochs. We used the Spearman correlation to assess whether there was others. These analyses were repeated in patients A, D, and E with the overlapping HFOs 321 removed, and there were no substantive changes to the conclusions: Kruskal Wallis tests were 322 still all significant, and there were minor changes to the Spearman correlations (Fig. 4B) . 323
In order for these temporal changes to be helpful in the development of customized 324 seizure prediction algorithms, they must be consistent from seizure to seizure. Looking at each 325 patient individually, we evaluated the seizure to seizure variability by running ANOVA on the 326 first two PCA components in each peri-ictal stage across all seizures. In this analysis, when the 327 p-value is "insignificant" (> 0.05), it corresponds to a similar distribution of the PCA values in 328 subsequent seizures, i.e., the response is stereotyped and thus the ANOVA fails to find a 329 difference between them. Conversely, a "significant" p-value indicates there are differences 330 across seizures, so the distributions of PCA are not stereotyped. An example of each case is 331 shown in Fig. 5 . These plots demonstrate that some patients are stereotyped while others are not, 332 but do not capture all of the temporal changes described in previous paragraphs. The HFO 333 distributions are quite similar from different seizure periods for example, there are a large 334 number of HFOs 20-30 minutes before seizure 3 with different morphology, so it would bedifficult to predict seizure onset in this patient based upon these data. We calculated the ANOVA 336 of the PCA distributions across different seizures in every stage for every patient to determine if 337 the changes were stereotyped. We found that three of the patients (A, B, E) had stereotyped 338 responses across all stages (p>0.05) (Fig. 5C ). In the other two patients (C, D), the ANOVA 339 found that at least one of the PCA components was significantly different between different 340 seizures, meaning it would be hard to predict how the distribution would look in later seizures. 341
Taken together, these data demonstrate that several HFO features are correlated with time, that 342 these changes are often stereotyped, but that there is significant inter-patient variability. 343
344
Temporal evolution of HFO rate and class 345
Although it is clear from these analyses that a wide set of features is helpful to 346 describe HFOs and their temporal dynamics, the data also suggest that the relative rate of each 347 HFO cluster (ripple, fast ripple, mixed event) may differ between different stages. Constraining 348 each HFO to one of 3 cluster labels removes most information about its dynamic features, but is 349 also the most common way they are currently studied. In order to evaluate any changes 350 descriptively, we first plotted the relative rates of each HFO cluster, as well as the total HFO 351 rate, for each patient in each stage (Fig. 6) . We observed distinct patient-specific trends in the 352 evolution of rates and proportions of each cluster before and after seizures. unlikely to be randomly distributed-that at least one type of HFO (ripple, fast ripple, mixed 371 event) is more likely to occur at specific times between seizures. We found that HFO times both 372 before and after seizures were significantly different in all patients and times ( 
Peri-ictal HFO distributions vary greatly among patients 380
Our current analysis evaluates properties of three classes of HFOs in four epochs (inter-,pre-, postictal, and ictal), collecting a large number of events in 5 patients. This allowed a 382 thorough comparison of the statistical characteristics of HFOs during these epochs. Our use of 383 three classes of HFO is a slight departure from previous work on these types of oscillations in 384 patients with epilepsy. The first two classes are very similar to ripple and fast ripples, which are 385 commonly recognized in the literature and were originally identified based upon their peak 386 oscillation frequency. In this work, we have included mixed events that were identified by an 387 unsupervised algorithm (Blanco et al. 2010 ) as a third class, as their power spectra contain 388 features of both ripples and fast ripples 389
390
Our results show that the relative and absolute rates of each class of HFO changed in the 391 periods before and after seizures, and that these effects varied greatly among patients (Fig. 6) . and D, which had the most similar ictal responses in Fig. 6 (increased rate of HFO and ripples 419 during seizure). These two patients both had frontal cortical dysplasia (Table 1) . Although this 420 sample size is small, this result suggests that future work should aim to stratify patients by 421 epileptic pathology, and perhaps common trends could be identified. Adding patients with other 422 types of epilepsy (e.g. mesial temporal sclerosis) would also provide crucial information. Such 423 work would likely also benefit from additional features that were not present in the current 424 analysis. 425
426
HFO features during the ictal period, and seizure prediction
We tested three machine learning algorithms with a large dataset of automatically 428 detected HFOs to determine whether supervised classification could be used to identify 429 differences between ictal and nonictal HFOs. Using the measurements described in Appendix B, 430 none of the algorithms obtained an F1 score higher than 0.2, which is fairly poor performance. 431
This finding suggests that, at least with these tools and features, it is difficult to distinguish any 432 HFO signal features that are specific to the ictal period. This will require a thorough analysis of HFO data on a per-patient basis before adjusting and 458 applying the prediction algorithm. It will be critical to identify appropriate patients for such 459 algorithms, and likewise not to abandon these techniques if they fail in some patients. If one assumes that there is an underlying process that alters the network parameters 497 before and after seizures, and that it affects both seizures and HFOs, it follows that HFOs may 498 have different features in the time surrounding seizures. Until technology is able to characterize 499 these network phenomena on smaller scales, our best method is to analyze EEG data. In this 500 study, we analyze an unbiased sample of intracranial EEG and find that there are indeed 501 temporal changes in HFO characteristics. However, the differences were relatively small and 502 were highly variable between patients. Further work evaluating different signal features, 503 recording EEG on different spatial and temporal scales, and comparing HFOs from "normal" and 504 "abnormal" regions may be better able to distinguish these changes and lead to understanding of 505 the mechanisms involved in generating both HFOs and seizures. 506 507
Conclusion 508
With increasing interest in and evidence for HFOs as an electrical seizure biomarker, it is 509 crucial to develop automated methods to identify and classify them that are not operator 510 dependent, and that can be applied to a wide range of patients as well as animal models. Using 511 data from an automated HFO detection algorithm, this study provides statistical evidence that 512 some patients demonstrate temporal changes in the distribution of HFOs in the periods before 513 and after seizures. Initially, these findings can be the basis of further experimental algorithms to 514 explore temporal phenomena such as seizure generation, prediction, and epileptogenesis. With 515 further validation, they may also provide a basis for algorithms capable of identifying periods of 516 increased risk of seizure onset. Perhaps the most important finding from this study is that 517 individual patients have vastly different HFO patterns related to seizures; these findings suggest 518 that any clinical decision based upon HFO analysis must be customized to each individual 519 Counts of HFOs in each time epoch for dispersion analysis. Preictal and postictal epochs were defined as 10 minutes before and after seizures, respectively. 
